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B P e = 1X 43 . 1 32— SE R VE g4 4iE T
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R T/ VREAS G 3 K DS DT B IR 2 5%
HETou ) T B TR AR
ST R ITE S i, IITE T S R
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X SCRFEFEAR G T A, LA R oo JRE A2 2
AEIREASTEAT B A28, FEr i A S B i 2 i
AR AR Y BT T

P, A% SCAE I 2ok A ool o B 3 ik AR
IR 2R R B R A M AR HE XA 1
P, R THRAIESC R D B R AR W5 TEA EL I AR
i AR 2, FEAH L ORIR OB U, 2 > P hE )
FHORAE, BBy > RS A B SRR R IEAT 4, ib 2
> V555 PR =2 T A 25 ) o7 B A DE U AE 76 st 2
fili P B, 38 5 5% 1 S Rl S AR 1Y) T R
B R A S

ARICHR T — R AR A M7 22 5 M
%, Bt — s RO C R BBz A
FHORTE RN X A S5 5 5 B AH S K2 20 51
TETE B F25 6] 2 ANHERE 7 > [ 45 012 ST [ X R A
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SERORIE R i R B 4 4R IR 4D B
BUE AL I LA — B R i 2 [R50 (5 8, A
TR ARG B e il B2 BB H I i A AR

BEEWB : 2 fDBIRIE" |4 A 30 i 020 BT R 55 R GEEE B H (231600200201048 ) .
EZ T OB EE (1999 - ) & AL WFFE AR TN SEHLAR 2 > IEAR 2 I BF5E.
BEEE REMF(1965 - ), 2, Hof, Bl A . 22N SR BETTH B W IE.
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52BN Z AT AL BE DL IS, O 1 i — 20 B2 R AIE
ZIR SR A, SR U7 2 A TS5 Rk Y
ThERERES B R RRAE CI.

1 XTI

INEEAR B3 2. /NREAS TR 20 S it D
P REAR SR I 08 L R T AR 50 o 1 1 5 L, 2 45911
B FA R R , — S i phe R A B A0 i J i
Bz N L INEEA Sy 2, AR g i A A
X TR S A — 5 W AR A, (R E R R
5780 S A DR k20 (14 1) 0. 7 = 97 1 — 2y 3
FEL N 2 A, — A RTCE I A T R
Jr ik, 32 S — A AT S A B e 5]
s ), TP 8 R R P o 2 o P B B, AR
S B S T 285 0 R R A i vk, 7E T
B D T OB DA G ()R S A
PRI Y b S 5, BT Rz e re
TR (14 5V ) 2 0 5t — 6 SN A e 4L 5
SRR IR 25 T M YN 5 1, 4 7 B 32 A 1 8
AN Y R TT R  la H R O & 2
75 BOAR AT 45 H 9 R0, 38 T S0 SO A %5 P A
FI. A SR T 00 T TR 3, AR
SRR A IR B I B8 T 2 5T 55
HR S ]38 976 (B % AMREAE B 2R I
SRAR A AR AT I AR 112
1 2 0 B 8 e e T 2 o B ) IR0 46 Ak R
AT AFBLEE , )25 4 B B 00T, AL EEE A 7, S 22 AL
JEAR.

FIRSE, FRSE. ) Lowe 2842 MRS 1 AR D)
RT3 S R R 2 1] T B SR B OGRS
A B S A 1) 1 A 3 3o 00 R 3 £ K 1)
TR Xk B (g 6 4 A R T 38 o BT R AR 4%
WeIR B 22 9 2% IR 2% 2] A 5 Fe 7 , A 3C5Z Robert
S5 ZHENG 25100 it - 23 6] 245 4 R AT 7 4 114 )
K, BIANT —A A ARG B, 5 2 AT B AR AL
PSR [R] B9 T B G AR B TR 1
{1 = B T S, e L R 2 (A 2, SR PR 4R
A bR X G2 2 i) L o 3R 4 A AT £ 8L, ) P i
= EAE EAR R RT3 ST U ZRRE AR 42 HAR
SIS Z T A5 559U, T 2 4 68k
K BB b 3 3 R O BRI A L
TR . 76 FUGRLSE UK, S F a4 b A I P 1%
T ARG N, RIS AEARMESE 1 3 AR A 4. o]
ABIE A, X T4 8 2 X 5 i G, 5 2 o

HeTE D AT G4 P B 2 5N R % 4, T
ARV GRHIXT S, R CANVO R I 1 Fhi i %
FE AT 2K AR AT L2 R AR P O R X IR 2 4R
FRAE ST 9 7 1. DN v P44 B0 J) 3 5 i 7
A/ 0 A (0 D L0 PR A48 4 A A R 3025
9 LAt T LA Y 35 T R B AR A4 1 6 £ 30 2 o
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PRIES DG R RRAIE A AH G

2 IMNEREGSEESHIR
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SCAR i, B BLfili 7 Jeid i B AH SCTH3RE ik
S, P H T A I T S AR AL SRR o R
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X AAHRERIR F A, e 245 B BRI A g i s.
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tentional representation ) fi Bt . 5% 4t H A0 3¢ 5K B M
A T A (A R R A5 A AR DG AR B, I 4 S
SERYRHIE ] & R VC RS A, b AR GRS L A AH
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exp(w.z, +b,)
2 C‘E'}"m | exp(wfzq + bc,).

TR R R BONGREE D, I H R T
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G B d R (12) 5 L, K Hp VR
INIEINER kb FRFEASL
exp(d,(s,q,))
> exp(dy(5,9,))
BRI PR AR 4L, = (13) , Horpa ol
S 45 2 T R SR

= - log (12)

metric

L = Lanuhor + )\Lmelric‘ ( 13 )
4 X
4.1 HiEE

H T BE R AR, S 3 AN/ IMEA Sk
WE FHEAT T 525 minilmagenet , CUB — 200 — 20112
FI CIFAR - FS. Ff- X} 3 A FEAERR £ 01T 17 %5
IOUE 2 45 2H. miniImageNetm +& ImageNet [ — 1~
T4, 34 60 000 5KIE -, 100 NZRAL, BEAT
600 MHEA K5 Hor 64 MR INZRAE (16 245N
BiEgE (20 AR 4. CUB -200 -2011(CUB)
J— MM E 200 AFHE, 11 788 TR IFIR 1) 5 R AikL
IYSBE AL, 43 K 100,50 .50 A 52 51 F I
% B6AE K. CIFAR - FS'™ xFk 4 CIFAR - 100 /)v
FEARESE 2ok A T CIFAR - 100 $dladE b ay—4>
T, AL E 100 D200, K 64116 .20 N25043 51|20
BN Gk Bk AR, A28 51 600 5K K&, & it
60 000 5K 32 x 32 R R A KA.
4.2 LMY

45 % ] ResNet12% VA RRAE 42 R 2% Xof 45
TESEI R 28 % A 23[R R/ Ky 84 x 84 (4 FFAIEHR
BUG 3 3E7R Z e R S SCAR B iy A
SCAR Bk rf H ARG ULV 4R 28085 0 S.
TE CCA LY HL SR 4D BB 10 A7
AR AR A RN B N 3 x3 x3 x3. M
ISR 50 B LS I 28+ B BEE, 76 minilm-
agenet, CIFAR — FS,CUB #1351 E N 5,5,2. X F

N —way k — shot, /3 BIFELHEC N H 5, K 1 F15
AFEAECR: BT IR, T e s B S 4
A, £ minilmagenet, CIFAR - FS, CUB " /43 5% & N
0.25,0.5,1.5.
4.3 ZWHER

VR BUAS SCT 5 L I £ S5 0 0 A 0k 43 i AE
2 AN BEMERUHE SR AN — AN AI0RL B B s 4 14T SE g
ZERANE 1 2 FiR, ST AR ER PSR T HO AR,
AT J7 B AL SR IR 45 4T T Resnet]2.

2 1 B/R A0 JETE minilmagenet fll CIFAR - FS %{
YEAE X5 — way 1 —shot fl1 5 — shot fF 45347555,
A RLE HASCH M 28 45 1 (RECMN) |, $2 7+ T /FEA
BRI BERE. 5 T8 I s AR LS 3 L, 7E mi-
nilmagenet Z{#E4E ,1 — shot /1.4, L. Cosin classfifer |
ProtoNet, MetaOptNet, MatchNet, CAN, DeepEMD |
FEAT . Tian % . DSN. Kim %543 %138 &5 T 19.24%
12.28% ,12.03% ,11.59% ,10. 82% .8. 76% 7. 89% .
9.85% 12.03% .9.59%. 5 — shot T: 55 1, 43 52 &
12.08% .8.73% ,10.63% ,13.27% .9.82% .6.85% .
7.21% 7.12% .10. 46% .6. 56% . 7&. CIFAR - FS (&
4E,1 - shot {4 1E % 7 kb ProtoNet , MetaOptNet , Deep-
EMD . Tian et al. . DSN, Kim et al. /3 %48 & T
14.99% ., 14.59% . 12.61% ., 13.29% . 14.89% .
13.68% .5 — shot {T: 55 H 73 |4 & 10.35% 9. 55%
6.93% .6.95% .8.75% .8.36% .

2 WK RAEATRL I HdR S CUB ESLT)5 5
— BT EE R U S5 R, AT LU AR 5 — way 1 -
shot £ 55 1 43 3| Lt ProtoNet , Cosine classifier , Match-
Net, FEAT. DeepEMD #2 & T 17.13% . 15.92% .
11.35% 9. 95% 6. 08% . 1F 5 — shot T-55 43 Hil42 &
T 15.46% 13.21% .12. 88% ,12. 19% .8.98% . 0] i,
TCIC LA LR Z AR HE R b, AR SCH R Hh A 1 2%
HRAT

% 1 minilmagenet,CIFAR - FS ##E £ 5 - way I L LR %
- minilmagenet CIFAR - FS
1 - shot 5 - shot 1 - shot 5 - shot

Cosine classifier’™’ 55.43 £0.81 77. 18 +0. 61 — —

ProtoNet "’ 62.39 +0.21 80.53 0. 14 72.2 0.7 83.5+0.5

MetaOptNet ™’ 62. 64 +0. 82 78.63 0. 46 72.6 +0.7 84.3+0.5
MatchNet""’ 63. 08 +0. 80 75.99 £0. 60 — —
CANM 63.85 +0. 48 79. 44 £0. 34 — —
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gkl
minilmagenet CIFAR -FS
P
1 — shot 5 — shot 1 — shot 5 — shot
DeepEMD**! 65.91 +0. 82 82.41 +0. 56 74.58 £0.29 86.92 +0.41
FEAT" 66.78 0. 20 82.05 0. 14 - -
Tian et al. =% 64.82 +0. 60 82.14 +0.43 73.90 +0. 80 86. 90 +0. 50
DSN'?7! 62. 64 0. 66 78.8 +0. 45 72.30 0. 80 85.10 0. 60
Kim et al. - 65.08 +0. 86 82.70 +0. 54 73.51 £0.92 85.49 +0. 68
(Our) RECMN 74. 67 +0. 44 89.26 £0.22 87.19 +0.27 93.85 +0. 17
R2 CUBHURE S -way WD EER
IS FRIESR IR 1 - shot/% 5 — shot/%
ProtoNet[ 31 ] Resnet]2 66.09 £0.92 82.50 +0. 58
Cosine classifier Resnet12 67.30 0. 86 84.75 +0. 60
MatchNet!"” Resnet]2 71.87 0. 85 85.08 £0.57
FEAT[ 36 | Resnet]2 73.27 £0.22 85.77 +0. 14
DeepEMD'™’ Resnet12 77.14 +0.29 88.98 +0.49
(Our) RECMN Resnet12 83.22 +0.37 97.96 +0. 09

M 1 A3 2 B S a6 45 S a] WL, G181 40k i
WP ERE S |, RECMN J7 i 38 B — 8 A AL
PE, BT/ NEA G 26 dl i 58 U2 2] IR OR
RIWRHE IR A BE NS A RUCHL AR 1 2 > FRAE R () G R
PETHRFIEDCEC A PERE , RIS, 38 2 51 A% 20 kST R RAE
B 5& R 5 [RBR B, o — 2D 3 1 % 28 SCURAAIE ik
ARZRMBEERAEH. HICATH, 5 ) BURRHIE (] ¢ &
X T/ IR AR R 53 255 1) i AR B R B A58 i 1 AR
I
4.4 HBENIE

SCAR HEHe iy 3 22 J1 ML Rl S 55 O 1 551
3 T RN 2 (B33 5 T4 SCAR FEH R EUREAE 25 [H] 5 8
IVER FEGS AL & AT T IRl SE 5. 43078 SCAR

BB 3 AN BT I AL

PATE CUB #dlgdE B8, 5 — way 1 — shot {155
), H12 3 ATE TR I HLEIFE A AT 5K
it R ZJEWINELE AR BRI g( - ) G
TNFRITE 2 A7 B 359 15 o i) 85028 0 i) e o 0. 42%
0. 67% , 1 2 A0 B AP I ROR S Fe g 22 1, A
79.05% . KM, Se A BB AE F A DG THE3 15 21 (Y 5k it
R ZJG¥n. T LAHERT B A OG0 2 J5 sk A &
OGS RN SPEs o E I S A SEE R RIS )
TR I A A B B TE R B A B B ROR
B BB BRI R ARG, AR T Mt —5
(142 > FFAE .

x3 BETHEESHMCERM

A E IEITE S
ARG R G AMCERRNERZ ¢O )G RY5e¢O)E CUB(5 ~way 1 - shot)
vV 79.72 0. 43
vV 79. 30
v 79.05 +0. 44

CCA FEBR i) 38 1E AL BT B S 5. O 1 ik
A PHIC PE FP ol G JO A (1 20, 7E R PR SCAR #5
BRI 4 CCA BB B BULACH) 2 M ERBUZ
HULTANNG RILTIR BBk GriR p p N LTI D YNES
5 | 314 BRI E A 3H A2 AL .

BE T (a) ML CCA B A m] 24 1)
ZRORKENAR S REES ISR Z, 70 Z, A A
R EES SRAER. rE(b) BEYIRN 3 Rl iE
o, oIk 1 TE A B ) B B E A B T 2 A
KAFEL Tr5e(e) 2y CCA #Eb HANSCIH I hg s 4 4
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it € e RV inp PG R B AR I A e AR S AT
TRLE , DRAFAE BE I AN, (HAE B O I 0] B 22, e B8
S EGS 2 CRA B3 T7 %6 (d) M T AR 52 AR )
JERATE DU AR ) 2, R A AR DE P A A | P T) i Y 30 135
B 1,161, ERULECEIE R IR ATH R H1 5 4 R,

1t minilmagenet ,CUB P3G 4E FilifT5 —way 1 -
shot SZ56, minilmagenet S 56 75 2] {4 B0H I A J2 e fd:
). AH R SRS R 2E AR RIS R CUB i
FERCR, I ISR RHORIRCR 22 A R R,
T 28 () AE WA FRDERC A iE A2 T 2.

R4 CCA BHRE T ELEE IR TR0

S5 BRUCEHEEZE A CRAJZ - HRJE -5 2)

minilmagenet (5 —way 1 —shot)/% CUB(5 —way 1 —shot)/%

(a) N

(b) I ->1 ->1
€] 64 - >16 - > 1
(d) 1 ->16 ->1

65.73 +0. 14 77.75 £0. 54
65.75 +0. 56 78.05 +0. 45
66. 18 +0. 12 78.10 0. 87
65.90 0. 24 78.49 +0.76

FE 17 AT b SE 5. BEA8 OCTE I S R AE 14 B2
I RAVFZ R, 42 5% 00 B B A 1h P HE 25 5 40
AT R, 2 1 B0 EA > kST RFAE[R] OC &R 1 5
PR IR B RE A% 1 ik i 4t )RR AIE i AR U S8R, i
o OB SRR A [ B2 4 07 =R 2 M, SR PR
TR T VRN 28 O F i AR 1) 25 S . S R At
—PUESE T I R R 0 BE B T AR TG A8 SO R
A . PIGTE B 107 4% b, Rk iR
B AOROCTE R IR 2 18] DG 2R 119 B (R BE B 1 7
AT T XTS5

XFHRYSEER A R AT AR S IR 6 HAEH AL S
—way 1 —shot {T:55H1, CUB %454 I i AR 5% BE B 4
a7 79. 49% TV 3 5 R B AR N =7
FhY 83. 22% ,minilmagenet (P54 FH 67. 6% &5
2| 74. 67% ,CIFAR - FS ${#54E F i 74. 51% 2713
87.19% . [alFEHY , 7 5 — way 5 — shot B {45, CUB
Bl AE bl AR sRIE R R Uy 91, 1% #2751
P IR B AE o 7 20 97. 96% |, minilmagenet
Bdase Bl 82. 58% #2715 89. 26% ,CIFAR - FS #{
PE4E il 86. 6% #2715 93. 85% .

xS REEBESEINEEBBEELNRA %

BImsE 5 —way 1 —shot 5 —way 5 —shot
CUB 79.49 +£0. 21 91.11 £0. 71
minilmagnet 67.60 +0. 56 82.58 +0.27
CIFAR - FS 74.51 +0.8 86.60 +0. 54

*6 DREBEESEINEEBEELNRA %

Bt 5 —way 1 - shot 5 —way 5 - shot
CUB 83.22 £0.37 97.96 +0. 09
minilmagnet 74.67 £0. 44 89.26 +0.22
CIFAR -FS 87.19 £0. 27 93.85+0. 17

T A] DL, BEAS 7 > b 7 AR 22 18] 56 & 1 55 G
B JRE B IOCR AT AT S R AR5 BB RO R B
HAE. i TR ARG Z B R FEA AT A — 2,
TR v B2 P9 2K R A7 7 22 5, TR L RE A8
SIREA P TT 25 R 75 55 10 1 PRI B 5 R A5
KNG BERICR A RAR K A4 B

5 #iE

SRt 1 RRHT B0 EE T R AR /MR AR (R 23 2K 1)
ZE45H (RECMN) |, T AH S R I e 5 1
BH SIS RE R, 456 28 A O TE R DL BC IR R
Z IRV LT — S5 f5 S R LA 480 D 8 T e 53 9 5 il
KA P2 > BEA R I 22 0 1 22 5 1) 5 FR
5 E B O ARG L, B ZAE P hRAE RO 5 —
ANARLIE Rl b 243K 2 FL B i 4R THRICR X2
SRR G AR AT FEAE I 73 SR BN o 1R
HRIIPERESR T (EATIRABAFAE R k23 7], FEAR T
PR, i n] LAMAEAR 70 A3 R RHAIE 58 R A — PRI
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Relational embeddings and class covariance measures for
few — shot image classification

ZHAQO Rui, SHE Yu-mei, BAlI Meng-ru

(School of Mathematics and Computer Science , Yunnan Minzu University , Kunming 650500, China)

Abstract:In the context of few — shot image classification, the structural and discriminative relationships between
images have not been adequately emphasized ,leading to imperfect feature embedding and unclear metric effects. To
focus on the matching relationships between image features, a network structure based on relationship embedding
and class covariance measurement is proposed. This is achieved by paying attention to the spatial information of in-
dividual images and matching features between images,realizing the relationship of metric embedding features. The
proposed structure utilizes self — correlation attention and interactional correlation attention to learn the feature rela-
tionships within and between images. Specifically , the basic feature representation of individual images is mapped in-
to self — correlation tensors , focusing on the spatial information of channels to learn structural information within im-
age tensors. For image pairs,the mutual correlation information of the two image representations is calculated , gener-
ating shared attention to obtain discriminative relational information between images. Finally,the Mahalanobis dis-
tance is used to measure the feature relationships. After extensive experimental validation,the proposed method is e-
valuated on three few — shot benchmark datasets and compared with various existing methods. The results demon-
strate that the network structure exhibits a certain effectiveness in learning the relationships between features.

Key words :few — shot learning;relationship embedding ; correlation attention ;mahalanobis distance
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